Spatial modeling of traffic-related air pollution typically involves either regression modeling of land-use and traffic data or dispersion modeling of emissions data, but little is known to what extent land-use regression models might be improved by incorporating emissions data. The aim of this study was to develop a land-use regression model to predict nitrogen dioxide (NO 2 ) concentrations and compare its performance with a model including emissions data. The association between each land-use variable and NO 2 concentrations at 68 locations in Rome in 1995 and 1996 was assessed by univariate linear regression and a multiple linear regression model that was constructed based on the importance of each variable. Traffic emissions (particulate matter, carbon monoxide, nitrogen oxides, and benzene) were estimated for 164 areas of the city based on vehicle type, traffic counts and driving patterns. Mean NO 2 concentration across the 68 sites was 46.8 mg/m 3 (SD 9.8 mg/m ). The most important predicting variables were the circular traffic zones (main ring road, green strip, inner ring road, traffic-limited zone), distance from busy streets, size of the census block, the inverse population density, and altitude. A multiple regression model including these variables resulted in an R 2 of 0.686. The best-fitting model adding an emission term of benzene resulted in an R 2 of 0.690, but was not significantly different from the model without emissions (P ¼ 0.147). In conclusion, these results suggest that a land-use regression model explains the traffic-related air pollution levels with reasonable accuracy and that emissions data do not significantly improve the model.
Introduction
Cohort studies have demonstrated increased mortality risks associated with differences between large urban areas in annual average air pollution concentrations over several years (Dockery et al., 1993; Pope et al., 1995; Abbey et al., 1999) . However, central monitors used to assess these long-term air pollution levels do not take small-scale within-city variations in pollution concentrations into account, which might cause up to a threefold underestimation of mortality risks due to air pollution (Jerrett et al., 2005a, b) . Recent studies including within-city differences in air pollution levels have also reported an increased risk of mortality, especially from long-term exposure to traffic-related air pollution (Hoek et al., 2002; Nafstad et al., 2004; Rosenlund et al., 2006) . The growing relative importance of traffic sources to the urban air quality compared with other emissions, together with the current research focus on health effects from traffic-related pollutants have led to an increasing interest in developing methods for assessing traffic-related air pollution exposure in urban areas (Jerrett et al., 2005a, b) . Recent advances in techniques of geographic information systems (GIS) and related software development have provided promising tools for constructing such models. The approaches to assess traffic-related air pollution exposure of individuals have ranged from simple indicators like self-reports and residential distance to traffic (Ciccone et al., 1988; van Vliet et al., 1997; English et al., 1999; Wilkinson et al., 1999; Venn et al., 2000 Venn et al., , 2001 Wyler et al., 2000; Hoek et al., 2002; Langholz et al., 2002; Maheswaran and Elliott, 2003) to more complex models incorporating data on demographics, land-use or emissions data into GIS (Briggs, 2005 (Briggs, , 2007 Jerrett et al., 2005a, b) There are also hybrid approaches that combine monitoring data with some modeling techniques (Liu et al., 1997; Clench-Aas et al., 1999; Kramer et al., 2000; Mukala et al., 2000; Gauvin et al., 2001; Hoek et al., 2001; Zmirou et al., 2002) .
The stochastic, or regression modeling approach, is based on statistics of land-use, traffic counts, and other relevant input data to predict the spatial distribution in a specific region (Briggs et al., 2000; Brauer et al., 2002 Brauer et al., , 2003 Gilbert et al., 2005) , whereas dispersion modeling uses inventories of emissions combined with atmospheric dispersion calculations to describe the geographical propagation of pollutants (Nyberg et al., 2000; Bellander et al., 2001) . While these techniques have demonstrated promising performance for assessing the spatial distribution of traffic-related air pollution in urban areas, their characteristics and suitability for different applications are currently under discussion (Briggs 2005; Jerrett et al., 2005a, b) . Building up databases of emissions coupled with dispersion modeling can be time consuming and require specialist programming skills, and expensive software. Therefore, using regression modeling based on readily available field measurements in combination with existing data on traffic and other relevant variables may offer a cheap and easy alternative (Jerrett et al., 2005a, b) . Both these approaches have been applied to assess individual residential exposure to traffic-related air pollution of subjects in epidemiological studies (Nyberg et al., 2000; Gehring et al., 2002; Brauer et al., 2003; Ross et al., 2006) , and recent comparisons indicate good agreement and high reliability with measurements (Cyrys et al., 2005) .
Air pollution concentrations are often measured on regular bases in urban areas in Europe, USA, and elsewhere, and many city authorities have statistics on traffic flow, industrial point sources, and other important emission data readily available. However, there are no reports describing the application and development of a land-use regression model in combination with emissions data. Thus, little is known to what extent the combination of land-use regression modeling and emissions data may improve the spatial assessment of traffic-related air pollution. The aim of this study was to develop a land-use regression model based on historic air pollution field measurements, combined with traffic data and information on land use, along with air pollution concentrations measured by central monitors and to compare their performance with a model that also includes emissions data. The results will be used in future assessments of individual exposure to traffic-related air pollutants in epidemiological studies of respiratory and cardiovascular health in children and adults in the region of Rome.
Methods
The study was performed in Rome, which is the largest city in Italy, with an area of 1290 square kilometers (km 2 ) and about 2.6 million inhabitants. Most of the population lives within a circular freeway, the Main Ring Road. The city council has defined various circular zones of the metropolitan area with specific measures to limit traffic and air pollution. These zones are presented in Figure 1 and include the central limited traffic zone, the internal railway ring, the large ''green'' strip, and the outer Main Ring Road. The city is further divided into administrative census blocks, which in 1991 comprised of 5736 small areas with an average population of about 600 inhabitants. Ambient air pollution concentrations have been measured by six fixed monitors throughout the region, four that are placed to reflect pollution levels near traffic and two that provide estimates of urban background concentrations (Preneste and Villa Ada).
Air Pollution Measurements
Traffic-related air pollution data were available in the form of NO 2 measurements performed at 70 locations for a cohort study on school children conducted from November 1994 to February 1995 (Italian Study on Respiratory Diseases and Environment F SIDRIA, 1997; Farchi et al., 2006) , which is the Italian part of the International ISAAC-study. Three Palmes tubes per school measured outdoor pollution simultaneously over three 7-day periods in June 1995 , November 1995 , and March 1996 . The tubes were placed outside the school about 2 m above ground. The values for the three passive dosimeters in each period were averaged and then the school mean NO 2 concentration over the entire period was computed as an estimate of the annual mean level. Only sites that had complete data coverage throughout the measurement period and were situated within the study region were included; thus, data from 68 sites remained for the analysis. To evaluate the time-trends of ambient concentrations of NO 2 between 1995 and 2002, measurements at six fixed monitors were used to calculate annual mean levels.
Prediction Variables
Geographic variables that are potentially important predictors of traffic-related air pollution concentrations and the 1991 census data were collected from the Office for the Environment at the Municipal Office of Rome and included in the GIS-software ArcGIS (version 9.1, ESRI, Redlands, CA, USA). The characteristics of the NO 2 locations were identified by their geographic locations within the circular traffic zones, distance from roads with dense traffic (m), distance from parks (m), distance from the sea (km), size of the census block (km 2 ), number of residents for each census block, and altitude (m). The number of residents per census block refers to 1997 because that was the closest complete population data available.
Emission Data
Morning peak-hour traffic emissions of particulate matter (PM), carbon monoxide (CO), nitrogen oxides (NO x ), and benzene were estimated for 164 geographical areas of the city based on information of the types of vehicles circulating, traffic counts, and driving patterns in 2002. The emission factors were calculated as mean values of measurements from a number of vehicles over given driving cycles and were stated in terms of the mass of pollutant emitted per unit distance. The model considers that the emissions from a given vehicle category over a trip vary according to the speed of the trip, accelerations and decelerations. These emissions were computed by the Mobility Agency of Rome (STA) using the Transport Energy and Environment (TEE) model developed by the National Research Centre for Energy and Environment (ENEA). The model is based on the Computer Programme to Calculate Emissions from Road Transport (COPERT II) methodology (Zachariadis and Samaras, 1999) . Emission data from earlier time periods were not available. Kriging, that is, surface interpolation, was applied to provide a smooth surface of emissions, in order to explore whether a continuous geographic description of emissions data was more important than the categorization of emissions according to the 164 geographical areas. Kriging is a weighted-moving-average spatial interpolation method widely used in geostatistics. It is a set of linear regression routines that minimize estimation variance from a predefined covariance model. We used ordinary kriging, a variety of kriging, which produces interpolation values by assuming a constant but unknown mean value, allowing local influences due to nearby neighboring values. Ordinary kriging is the most commonly used method for environmental situations. Figure 2 shows an example of NO x emissions categorized in the 164 geographical areas and after kriging within the city.
Statistical Analysis
The association between each land-use variable and NO 2 concentrations was first assessed by simple univariate linear regression. Subsequently, a multiple linear regression model was constructed on the basis of the importance of each single variable and only the strongest predictors were included, that is, those providing the highest adjusted R 2 value. Different definitions of each variable were considered, for example, the inverse and the logarithm, and spatial scales were chosen according to the absolute number compared with the other variables. Models were compared using a likelihood ratio w 2 test. Correlation between continuous variables was calculated by the Pearson correlation coefficient. The validity of the regression model was evaluated by cross-validation, by systematically subtracting each of the data points from the model one by one, and then comparing the predicted value for each specific point with the measured level at that location without that value in the model, as proposed by others (Cyrys et al., 2005) . Beside visual presentation in scatter plots, formal statistical tests of comparison between measured and predicted levels from the cross-validation were performed by calculating the mean prediction errors as the root mean squared error (RMSE), which is the square root of the mean of the differences of the observed concentration and the predicted level at each site from a model ignoring that site. Results are given with one or two decimals, except when comparing R 2 values between models presenting differences only at the third decimal place.
Results
The observed mean NO 2 concentration across all 68 sites was 46.8 mg/m 3 , with a standard deviation (SD) of 9.8 mg/m Table 1 . Variables that appeared to be important for the NO 2 concentration in univariate models were the circular traffic zones, distance to busy roads, size of the census block, number of residents by census block, and the inverse population density m 2 per inhabitant. Multiple regression models demonstrated that altitude was an important parameter while the number of residents by census block no longer improved the prediction when other variables were considered simultaneously. The best-fitting multiple regression model resulted in a determination coefficient (R 2 ) of 0.686 (Table 2) . Table 3 displays some descriptive statistics of the estimated emissions of CO, NO x , PM, and benzene in 2002 and the association between these emissions and NO 2 concentrations measured by the passive samplers in 1995/1996. NO 2 concentration was predicted best by benzene emissions and least by PM emissions. After incorporating benzene emissions into the regression model, the R 2 value was 0.690, thus only slightly increasing the performance of the prediction model. Comparing this model to the one without an emission term for benzene resulted in a P-value of 0.147, implying that emissions data do not significantly improve the prediction model. The correlation of the predicted NO 2 concentrations between the hybrid model including benzene emissions and the pure land-use regression model was 0.96. Considering more than one emission term at a time gave the strongest prediction when benzene, CO, and PM were all included in the model (R 2 ¼ 0.722), but with high instability and an overall poor performance due to strong correlations between the emission parameters (all above 0.90). Applying kriging to provide more continuous geographical distribution of emissions was a somewhat better predictor of NO 2 concentration by benzene emissions, but the other emission terms did not improve the model (Table 4) .
Cross-validation by systematically subtracting each data point from the regression model and subsequently predicting the NO 2 level at that site suggested good agreement whether 
Discussion
This study demonstrates that almost 70% of the variability in annual NO 2 levels can be explained by a land-use regression model. The results also suggest that emissions data do not significantly improve the performance of the model. This implies that readily available information on variables important for air pollution concentrations may be adequate to model urban air pollution levels with reasonable accuracy. On the other hand, our results also suggest that emissions data may substitute variables that may be more difficult to obtain for a large number of subjects in an epidemiologic study, such as distance to busy roads and altitude, making the model more flexible for future applications. However, several aspects are important to consider and may need special attention before these interpretations are used elsewhere.
The data were not applied to a small area, but in fact rather large districts of Rome. Thus, some of the within-city differences in air pollution concentrations may have been missed and therefore, the model may not have taken into account all contrasts in exposure levels. In addition, there also may be other uncertainties in the model due to, for example, lack of data on wind patterns, topography, street canyons, and vegetation effects. Regression modeling based on variables predicting the air pollution levels measured at specific locations are also dependent on the geographical distribution and placement of the sites that the model is built to predict. The average levels and the ranges measured at the 68 school sites are close to those measured by the two urban background monitors in the region. However, the schools in this study were selected to represent the population distribution of children in the city rather than the background concentrations of NO 2 . These may be the reasons why the model appears to perform worse for higher NO 2 levels, as indicated by Figure 4 . One possible solution could be to incorporate data on street canyons into the model, but although descriptive data of the surroundings may be feasible to collect by hand for 68 sites, such efforts may be harder to accomplish for large epidemiologic data sets of thousands of individuals with multiple addresses over time.
Another limitation is that the model was developed and calibrated only for one pollutant and the performance of the model may be different for other traffic-related pollutants for which NO 2 may be a questionable proxy. Ambient air pollution concentrations in the region during the period 1995-2003 suggest only small changes over time, providing some support for the use of emissions data from 2002 to predict levels in 1995 (Figure 3) . However, even if timetrends of ambient NO 2 concentrations demonstrate constant levels over time, using data on emissions 6 or 7 years later to predict measured concentrations may be questionable. While the measures undertaken by the city council in the mid-90s to reduce traffic air pollution levels have resulted in a fleet of vehicles that emit less pollution, the number of vehicles has gradually increased, leaving the air pollution concentrations unchanged. Nevertheless, our study has some advantages compared with previously described land-use regression models. Beside data on traffic counts, distance to major roads, and other land-use variables that have predicted the air pollution concentrations in other cities (Cyrys et al., 2005; Gilbert et al., 2005) , our study also incorporated emissions data. Kriging of the emissions was also applied, which suggests slightly better performance in the model with benzene. This implies that kriging might be a technique to further increase the performance of a regression model that takes emissions into account. We also used levels from three simultaneous measurements throughout the year to represent the annual average level at all 68 sites, while others have used different measurement periods and tried to adjust for temporal changes afterwards (Brauer et al., 2003) .
In previous reports of similar land-use regression models, R 2 values were between 0.52 and 0.76 for NO 2 and between 0.50 and 0.81 for fine particles, with slightly different variables of importance depending on city-specific conditions (Briggs et al., 2000; Brauer et al., 2003; Gilbert et al., 2005) . Typically, the most important variables are related to road sources, often accounting for about two-thirds of the overall R 2 . Distance to busy roads and population density resulted in an R 2 value for NO 2 of 0.62 in Munich (Cyrys et al., 2005) . Traffic volume, altitude, and land cover in categories including industrial, high or low population density and open areas, resulted in an R 2 value for NO 2 ranging from 0.58 to 0.76 in four UK cities (Briggs et al., 2000) . Distance to busy roads, length of nearby busy streets, number of vehicles, and population density presented an R 2 value for NO 2 of 0.54 in Montre´al (Gilbert et al., 2005) . Thus, compared with other models, the Rome model described here appears to be broadly equivalent, and in some aspects better than previous regression models. Reasons why similar models differ in performance and prediction variables may include differences in data quality, data sources, analytical approaches, and city characteristics. It has been suggested that standardized rules for model construction should be developed based on both physical and statistical principles (Briggs 2007) . In our study, distance to major roads was no longer important when emissions were included in the model and altitude was only borderline significantly important. Thus, using emissions instead of distance to major roads and altitude enables predictions for areas such as census blocks instead of single points, which may simplify future applications of the model without considerably changing its performance. As expected, emission parameters were highly correlated and therefore it was pointless to add them all in the model. Some of the land-use regression variables were also correlated to some extent, but all presented correlation coefficients of less than 0.50, except for inverse population density and size of the census block which both had correlation coefficient of 0.66.
In general, our multiple regression model occasionally included variables that were not statistically significant predictors of NO 2 levels at the 0.05 level, that is, area size, inverse population density, and altitude (Table 2) . However, this is probably due to the limited number of measurement sites and including them in the model had an overall effect; they met the inclusion criteria of improving the R 2 value, and ignoring them consequently would have decreased the performance of the model. Vicinity to parks was not important for air pollution concentration in this study, while the distance to open areas demonstrated some importance for the NO 2 level in univariate models or as a category of land cover in multiple models produced by others (Briggs et al., 2000; Gilbert et al., 2005) . In Rome, high walls generally surround the large parks and big streets with dense traffic, which probably decrease any positive ventilation effects that parks otherwise would have on the air pollution concentrations. The geographic location as described by the circular traffic zones was the most important single predictor of the annual average air pollution concentration in Rome, explaining more than 50% of the variability. The cross-validation of the prediction model suggested only small differences in performance, which demonstrate that the model was robust and not overly influenced by single observations. The strong correlation between observed concentrations and predicted levels by the cross-validated model provide further support for this notion.
In conclusion, these results suggest that a land-use regression model explains a substantial fraction of annual average traffic-related air pollution concentrations and that inclusion of emissions data do not significantly improve the model.
